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Motivation

a Sequence-Structure-Function (SSF) principle
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How can we develop the“‘SSF” of non-biological systems?
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(Artificial) Neuronal Interaction Network (NIN)
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Neuron-based Multifractal Analysis

3 Multifractal Spectrum
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Multifractal Analysis of LLM Training

a) Pythia 14M b) Pythia 31M
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Emergence during Training
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Science for Al

3 Applications
0 LLM structure optimization 0 Roguenness/Hallucination
detection and correction
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Code Availability: https://github.com/joshuaxiao98/Neuron_MFA_LLM



https://github.com/joshuaxiao98/Neuron_MFA_LLM
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